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ABSTRACT

The rapid proliferation of conversational agents powered by large
language models presents a fundamental challenge to human-Al
interaction: users systematically vary in how they perceive and
interact with these systems, yet no coherent theoretical framework
explains these patterns. This paper proposes a Neo-Piagetian
developmental framework to understand anthropomorphic
response patterns in conversational agent interactions. Drawing on
domain-specific cognitive development theory, we demonstrate
that users progress through distinct developmental stages—
preoperational, concrete operational, and formal operational—
characterized by qualitatively different ways of understanding Al
systems. Through conceptual framework methodology, we
synthesize empirical evidence showing how users with low Al
literacy  exhibit animistic  thinking and  egocentrism
(preoperational), while those with moderate literacy develop
functional classifications without grasping underlying mechanisms
(concrete operational), and high-literacy users achieve abstract
reasoning about computational architectures (formal operational).
We introduce a cyclical model of Al literacy development driven
by Piagetian mechanisms of assimilation, disequilibrium, and
equilibration, where unexpected Al behaviors trigger cognitive
conflict that propels developmental progression. This framework
resolves contradictions in existing literature by showing that
anthropomorphic responses reflect users' developmental stage
rather than random variation, and that the same individual can
exhibit different cognitive levels across domains. The framework
has significant implications for AI design, deployment, and
education, suggesting that systems should adapt to wusers'
developmental stages and that literacy interventions can accelerate
progression beyond primitive anthropomorphic thinking. As
conversational agents become increasingly sophisticated in
mimicking human communication, understanding these
developmental dynamics becomes critical for designing systems
that balance accessibility with appropriate user understanding.
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1 INTRODUCTION

The widespread adoption of conversational agents has created a
significant challenge: while we understand that users respond to Al
with varying degrees of anthropomorphism, we lack a coherent
explanation for why these responses differ so systematically across
individuals and contexts. These systematic differences manifest in
predictable patterns. Users consistently cluster into distinct
interaction styles, from those who engage in extensive social
dialogue to those maintaining purely functional exchanges [1].
These patterns correlate strongly with Al literacy levels—users
with limited Al understanding show markedly different response
patterns, particularly benefiting from rapport-building strategies
that more experienced users find unnecessary [2]. Beyond
individual differences, contextual variations follow equally
systematic patterns. Physical embodiment dramatically amplifies
anthropomorphic responses, with robots generating stronger
reactions than chatbots, particularly in emotionally-charged
domains like healthcare and education [3]. Roesler et al.'s meta-
analysis discovered a consistent pattern: anthropomorphic design
succeeds in social contexts but fails in industrial applications [4].
Without understanding the cognitive mechanisms underlying these
systematic variations, we cannot design Al systems that
appropriately adapt to diverse user needs or develop effective Al
literacy interventions.

Current research suggests fundamental cognitive phenomena
that demand theoretical explanation. Users do not simply project
human qualities onto machines based on surface features; rather,
they engage in complex cognitive processes involving
intentionality attribution and social presence perception [5]. This
cognitive foundation aligns with the Computers Are Social Actors
(CASA) paradigm [6], yet extends beyond it—users appear to be at
different cognitive stages in their ability to understand and interact
with Al systems. The literacy-response relationship observed in
recent studies hints at deeper cognitive processes at work,
suggesting that users' understanding of Al may develop through
identifiable stages rather than accumulating linearly.

We propose that Neo-Piagetian cognitive development theory
may offer the missing theoretical framework. Unlike traditional
Piagetian approaches that assume uniform cognitive development
across domains, Neo-Piagetian theory recognizes that adults can
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exhibit varying developmental levels in different knowledge areas.
This domain-specificity could explain a crucial observation: the
same individual who demonstrates sophisticated formal reasoning
in familiar domains may revert to animistic, preoperational
thinking when encountering Al systems. The key idea is that Al
literacy might represent a distinct cognitive domain where users
progress through identifiable developmental stages.

However, whether Neo-Piagetian theory actually applies to
human-AlI interaction remains unexplored. While the patterns we
observe—from animistic attribution to systematic understanding—
suggest developmental progression, no existing research has
examined whether these patterns truly reflect Neo-Piagetian stages.
The systematic variations in anthropomorphism and the domain-
specific nature of Al wunderstanding provide compelling
foundations for applying this theoretical lens, but empirical
investigation is needed to determine its validity.

This paper addresses the research question: Do conversational
agent users' anthropomorphic responses and interaction patterns
reflect identifiable Neo-Piagetian developmental stages, and if so,
how? We first examine whether user behaviors can be
meaningfully mapped onto cognitive developmental stages, then
characterize these stages if they exist. By potentially establishing
this theoretical connection, we aim to provide both theoretical
coherence for disparate empirical findings and practical guidance
for adaptive Al design.

2 THEORETICAL BACKGROUND

2.1 From Piaget to Neo-Piagetian: The Domain-
Specificity Revolution

Hong et al.

Traditional Piagetian theory posited universal cognitive stages
progressing from sensorimotor through preoperational and
concrete operational to formal operational thinking [7, 8]. Central
to Piaget's framework was the assumption of domain-generality—
cognitive structures developed holistically, affecting all areas of
reasoning simultaneously. A child reaching formal operations
would theoretically demonstrate abstract thinking across
mathematics, social reasoning, and scientific understanding equally
[9].

However, empirical evidence increasingly challenged this
domain-general assumption. Children and adults demonstrated
uneven cognitive profiles, excelling in certain domains while
struggling in others [10, 11]. This led to the Neo-Piagetian
revolution, which retained Piaget's developmental progression
while introducing domain-specificity—the recognition that
cognitive development occurs independently across different
knowledge areas [12, 13].

Fischer's Dynamic Skills Theory reconceptualized cognitive
development as context-specific skill acquisition rather than
abstract logical structures, suggesting varying developmental levels
across knowledge domains [14]. Case's Central Conceptual
Structures [12, 15] elaborated this through meaning networks
within experiential domains like number, space, and social
interaction. Demetriou's Specialized Structural Systems (SSS) [13]
proposed multiple autonomous thinking systems for processing
different reality aspects. The Social SSS, governing social
relationship understanding, becomes particularly relevant for Al
anthropomorphism—users with underdeveloped Al-specific Social
SSS default to primitive cognitive patterns.

New conversational
agent experience

Experience =
Expectations

Understanding/knowledge
of conversational agent
technology

Beliefs, behaviors,

expectations

e.g. seemingly good responses,
hallucinations, errors,
explanations, etc.

! Disequilibrium

e.g. animistic thinking...

Then, adjusts/modifiesl

Explanations, chain-of-thoughts,
experiences, training/education

Figure 1. Piagetian developmental model of human-Al interaction
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2.2 Al as a Novel Cognitive Domain

Conversational agents represent an unprecedented cognitive
challenge that makes Neo-Piagetian analysis particularly
appropriate and illuminating. Unlike traditional domains grounded
in evolutionary preparedness [16] or cultural scaffolding, they
constitute a genuinely novel domain requiring new cognitive
structures. Three factors illustrate why Neo-Piagetian interpretation
is especially promising for understanding conversational agent
interactions.

First, the domain-specificity principle explains why
accomplished professionals can exhibit primitive thinking patterns
when encountering AI. A physicist demonstrating formal
operations in their field may resort to animistic, preoperational
thinking when interpreting chatbot responses—their Al-specific
cognitive structures remain underdeveloped despite expertise
elsewhere [17, 18].

Second, the rapid technological emergence means users lack
established cultural frameworks for understanding Al behavior.
Without inherited wisdom or intuitive models [19], individuals
must construct their understanding from scratch, recapitulating
developmental stages within this specific domain. Users with
underdeveloped Al-specific Social SSS default to primitive
cognitive patterns, treating mechanical responses as intentional
communication [20, 21].

Third, Al's unique ontological status—neither clearly animate
nor inanimate—creates cognitive ambiguity that reveals
developmental stages particularly clearly [22, 23]. Users must
actively construct mental models to interpret agent behaviors, and
these constructions follow predictable developmental patterns from
anthropomorphic projection to systematic understanding of
computational processes [23, 24].

3 METHODS

We employed Jabareen's conceptual framework methodology
[25] to synthesize multidisciplinary literature into a coherent
theoretical framework. Through systematic database searches, we
identified 38 papers examining human interactions with
conversational agents (chatbots, virtual assistants, and LLM-based
systems) that included empirical data on user-agent interactions
with detailed behavioral observations.

From each paper, we extracted reported instances of users'
anthropomorphic responses and interaction patterns, along with
contextual information including user Al literacy levels, situational
contexts, and specific agent types. We used an inductive approach
to identify patterns across these cases, discovering clusters of
similar behaviors that suggested distinct developmental stages.

These emergent patterns suggest strong parallels with classical
Piagetian stages (preoperational, concrete operational, and formal
operational thinking). Based on this alignment, we developed a
cyclical model incorporating the Piagetian mechanisms of
assimilation, accommodation, and equilibration to explain
transitions between stages. For each stage, we synthesized common
characteristics across cases to create comprehensive descriptions
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grounded in the empirically observed behaviors documented in
existing research.

4 RESULTS

A Neo-Piagetian Developmental Framework for AI
Anthropomorphism. Our analysis of behavioral instances
surfaced three distinct developmental stages that suggest Piagetian
cognitive stages. As shown in Figure 1, the developmental
dynamics of Al literacy can be understood through the Piagetian
mechanisms of assimilation, accommodation, and equilibration.
Figure 1 illustrates how users develop their understanding of
conversational agents through a cyclical process. Starting from the
left with "New conversational agent experiences," users encounter
Al systems with their existing mental models. If the agent's
behavior matches expectations (YES path), assimilation occurs
(blue box, top), where users integrate the experience into their
current understanding. If the behavior violates expectations (NO
path), users experience disequilibrium—a cognitive conflict
between experience and expectation. This triggers accommodation
(pink box, bottom), where users must adjust their mental models to
resolve the conflict. The process results in updated beliefs,
behaviors, and expectations (right side). The arrow returning to the
left shows the cyclical nature: users re-enter the cycle with their
updated understanding, potentially triggering new rounds of
assimilation or accommodation. Through repeated cycles, users
progress from preoperational to concrete operational to formal
operational thinking about Al

Assimilation refers to the process by which users fit new
encounters with conversational agents into their existing mental
models—for example, interpreting fluent responses as evidence of
human-like understanding or applying prior categories such as
"chatbot" or "search engine." When the agent produces unexpected
behaviors—such as hallucinations, repetitive answers, or logically
inconsistent outputs—these events trigger disequilibrium, a state of
cognitive conflict in which prior schemas no longer adequately
explain system behavior. In the Al domain, disequilibrium
manifests as confusion, mistrust, or surprise when the system
violates assumptions about coherence or reliability [26, 27].

Accommodation occurs as users attempt to resolve this conflict
by actively restructuring their mental models—adjusting prior
assumptions, incorporating new explanatory frameworks, or
adopting alternative strategies for interpreting agent behavior.
Existing research documents that users who experienced repeated
disequilibrium events gradually developed more sophisticated
mental models, progressing from anthropomorphic to mechanistic
understanding. Through this process, perceptions are reformed and
eventually reach a new equilibrium, where users adjust their
literacy and anthropomorphic attributions in light of both the
system's limitations and its affordances [28].

Building on this cyclical perspective, the behavioral patterns we
discovered mapped onto Piaget's classic stages of cognitive
development. This framework enables us to conceptualize how
individuals with varying levels of Al literacy anthropomorphize,
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evaluate, and ultimately reformulate their understanding of
conversational agents. The following sections describe the
characteristics we extracted from behavioral instances within each
developmental stage.

Preoperational Stage (Low AI Literacy): Analysis of
behavioral instances from users with low Al literacy revealed
consistent patterns of animistic thinking. Users attributed
consciousness and emotions to agents, with common behaviors
including: apologizing to chatbots for "bothering" them, expressing
concern about "hurting" the Al's feelings, and believing agents
could feel tired or frustrated. Egocentrism manifested as assuming
shared emotional states and contextual understanding. The Eliza
effect [29] was evident in multiple instances where users
interpreted mechanical language repetition as authentic connection.

Characteristic features extracted from this stage included:
centration on social cues (friendly language, emoticons) while
overlooking mechanical indicators (repetitive responses, logical
inconsistencies). As Peter et al. [30] note, LLM-based systems can
convincingly mimic empathy, persuasion, and role-play, creating
what they call "anthropomorphic seduction,”" where users mistake
fluent interaction for genuine understanding. Sarkar et al. [31]
further highlight that in mental health applications, such dynamics
reproduce the Eliza effect at scale.

Concrete Operational Stage (Moderate Al Literacy): Users
in this stage demonstrated rule-based thinking about conversational
agents. Common behavioral patterns included: testing agents with
similar questions to verify consistency, categorizing different Al
systems by function (search/translation/recommendation), and
developing practical heuristics ("Al is good at facts but bad at
opinions"). These users showed conservation concepts specific to
Al systems, understanding that agents operate consistently
regardless of time or user identity.

Literature reports that users at this stage could classify agents
according to observable functions or access modalities (free vs.
subscription-based) but lacked understanding of underlying
mechanisms. Wienrich and Carolus [32] show that such functional
competence with smart speakers does not necessarily translate into
deeper conceptual understanding—ownership and frequent use did
not increase conversational agent literacy scores, and
misconceptions persisted.

Formal Operational Stage (High AI Literacy): Behavioral
instances from highly literate users showed systematic hypothesis
testing and abstract reasoning. Characteristic behaviors included:
deliberately probing edge cases to understand system limitations,
discussing probabilistic outputs and training data, and maintaining
clear boundaries between human cognition and computational
processes. These users demonstrated hypothetical-deductive
reasoning about invisible architectures (neural networks,
algorithms, databases).

Analysis of this stage indicates that users no longer relied on
surface-level cues but instead interrogated underlying mechanisms
through systematic testing. Liu et al. [33] emphasize that proactive
agents designed with "inner thoughts" and reasoning chains invite
such advanced interrogation, where high-literacy users can
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differentiate between simulated cognition and genuine human
thought. Desolda et al. [34] show how developers' mental models
shape their ability to predict, validate, and customize Al behavior,
underscoring that abstract reasoning is essential for aligning
expectations with probabilistic outputs.

5 DISCUSSION

Our Neo-Piagetian framework transforms Al
anthropomorphism from unexplained variance into predictable
developmental patterns. By mapping user behaviors onto cognitive
stages, we provide the theoretical mechanism missing from existing
accounts.

The framework extends CASA theory [6, 35, 36] by explaining
why social responses vary systematically—preoperational users
exhibit heightened susceptibility to social cues through centration,
while concrete and formal thinkers progressively decenter to
examine functional patterns and computational mechanisms.
Similarly, we operationalize Epley et al.'s [37] three-factor theory
by mapping their drivers onto stage-specific operations:
preoperational users' high accessibility of human schemas leads to
animistic projection, concrete thinkers satisfy effectance needs
through input-output pattern recognition, and formal reasoners
maintain clear boundaries between human and computational
processes through hypothetical-deductive testing.

This developmental perspective illuminates why device
ownership alone fails to increase literacy [32]—exposure without
developmental scaffolding cannot guarantee advancement from
concrete to formal thinking. The framework also predicts context-
dependent effects: Roesler et al's [4] meta-analysis showing
anthropomorphism's success in social domains but failure in
industrial settings reflects how preoperational users benefit from
social scaffolding while formal reasoners prioritize transparency
and predictability.

The assimilation-accommodation-equilibration cycle links
micro-interactions to macro-development. When AI behaviors
violate expectations, the resulting disequilibrium creates
restructuring opportunities that differentially support stage
progression. This mechanism aligns with dynamic CASA
perspectives [39, 40] while specifying how interventions can
facilitate development. By identifying developmental positions, we
can predict anthropomorphic responses, design stage-appropriate
interfaces, and scaffold Al literacy progression [38]. The
framework thus bridges empirical observation and practical
application, demonstrating how theoretical innovation guides
effective human-Al interaction design and education.
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